neighborhood) dictates a priori what intervention will work. Nor will a given intervention be ctTcctivc for all students of a particular group" (p. 160). Thus, the goal of data-based intervention decision making is to facilitate the individualization of services or interventions to each child's specific needs. This approach increases difTcrcntiation of early intervention services, which leads to intervention changes as soon as it is clear that a child is not making adequate progress (Chard et al., 2008 : Division of Early Childhood, 2007 VanDcrHcydcn & Burns, 2010) . The "data" in databased decision making refers to progress monitoring data that (a) identify chiidrcn who may be in need of support beyond what is universally available to all chiidrcn, (b) tncasure the eflfect of additional supports or interventions for individual childrcti, and (c) inform intervention changes for chiidrcn who arc not showing improvement . Chiidrcn who arc not making expected gains receive more intensive or iiidiviilualizcd intervention, the cfíccts of which arc evaluated with more frequent progress monitoring. Intervention strategics arc then adjusted depending on the child's progress such that additional or more intensive strategics arc used for children who continue to perform below expectations, and strategies that result in improved progress are maintained or reduced as needed . As early childhood programs increase their use of data-based intervention decisionmaking models (e.g.. Response to Intervention [RTI] , Recognition and Response, etc.) , there is a corresponding increase in the need for tools to support efficient and effective managetnent and interpretation of these data.
RTI, which utilizes a data-based deeision-making approach, is a model that has gained increasing momentum over the past decade as a way to promote targeted, individualized support for children not making expected gains (Barnett, VanDerHeyden, & Witt, 2007; Greenwood et al., 2011; Johnson, Mellard, Fuchs, & McKnight, 2006; Walker & Shinn, 2010) . Although there are a number of RTI variations (e.g.. Coleman, Buysse, & Neitzel, 2006; VanDerHeyden & Burns, 2010) , implementation is predicated on the availability of (a) technically sound progress-monitoring assessments that are curriculum based and sensitive to growth, (b) universal evidence-based practices available for all children, (c) evideiieebased strategies for children not responding to universal practices, (d) decision-making criteria and benclimarks to itiform when to move a child into or out of more intensive intervention, and (e) tools to support progress monitoring and the use of data to inform intervention decision making (Ball & Trammell, 2011; Burns, Scholin, Kosciolek & Livingston, 2010; Gresham, 2007 ; National Assoeiation of State Directors of Special Education, 2005) . There is strong evidenee to support the use of RTI and other decision-making models that utilize progress monitoring for school-aged children. For example. Burns, Appleton, and Stehower's (2005) meta-analysis of 24 studies of RTI models reported a large mean effect size (Cohen's i/= 1.27) favoring RTI models over comparison groups for student outcomes. Beyond the use of specific RTI approaches, the use of data to monitor students' progress and guide intervention decisions has also been shown to improve student performance in reading VanDerHeyden, 2005; VanDerHeyden & Snyder, 2006) and math (Fuchs, Fuchs, Hamlett, & Stecker, 1991) .
BARRIERS TO DATA-BASED DECISION-MAKING PRACTICES IN EARLY CHILDHOOD
Despite support from federal policies such as No Child Left Behind and the Individuals with Disabilities Education Improvement Act, the use of progress monitoring and databased decision-making practices continues to be met with resistance by some in the K-12 education community (Ball & Trammcll, 2011) . When considering these practices for use in early childhood programs, additional barriers arise. Greenwood and his colleagues (2011) surveyed state coordinators of pre-K, Part B-619, and Head Start programs to identify challenges regarding the use of RTI in pre-K settings. These challenges included (a) workforce quality, (b) lack of knowledge and resources, (c) lack of evidence-based curricula and intervention strategies, and (d) limited administrative support. Similar challenges are faced by programs providing infant and toddler services and are likely magnified by an even greater lack of resources, fewer preservice training requirements, fewer measures to support infant and toddler progress monitoring, and the variation in which services are provided in home-or center-based settings.
Minimal training and professional development on how to use child data to individualize services and interventions is available to early childhood practitioners (Hojnoski, Caskie, Gischlar, Key, & Barry, 2009; Linas, Carta, & Greenwood, 2010) . For instance, Sandall, Schwartz, and LaCroix (2004) surveyed early childhood practitioners serving children birth to 6 regarding their perspectives on the collection and use of child assessment data. Practitioners reported that they understood the potential value of using data for instructional planning but, in practice, used it very little or inconsistently because of challenges associated with data management and limited time. They also reported that the data that they did collect was rarely used because they lacked the knowledge, skills, time, and tools to make meaningful decisions based on the data. Similarly, the Roehrig, Duggar, Moats, Glover, and Mincey (2008) survey of kindergarten and first-grade teachers also reported challenges related to a lack of time and knowledge of how to use student data to inform literacy instruction. Some teachers reported a need for more time to work with teacher coaches or additional computer support to help them interpret individual children's data and inform instructional decisions. Infant and toddler service providers face similar constraints on their time and capacity to use data for intervention decision making, particularly those providing home-or community-based services that require substantial amounts of travel and the provision of services in environments with limited resources (e.g., the family's home or temporary housing) (Kelso, Fiechtl, Olsen, & Rule, 2009) .
Addressing these challenges through the use of computer or web-based systems has become more feasible as internet access increases, online data systems to manage child outcome data improve, and hardware and software costs continue to fall. For example, a number of innovative uses of technology to support early intervention and prevention services for young children have been explored over the past decade, including parent training and support (Baggett, Davis, Feil, Sheeber, & Landry, 2010; Bigelow, Carta, & Lefever, 2008; Hamad, Serna, Morrison, & Fleming, 2010; Heitzman-Powell & Buzhardt, 2011; Kelso et al., 2009; McCullough, 2001) , practitioner training and professional development 2 ()()5b; Dicker, Hynes, Hughes, & Smith, 2008; Kinzie et al., 2006; Ludlow & Duff, 2002; Powell, Diamond, & Koehler, 2010; Vismara, Young, Stahmcr, Griffith, & Rogers, 2009) , and child data management for accountability and program evaluation (Greenwood, Walker, Hornbeck, Hebbler, & Spikcr, 2007; Rous, McCormick, Gooden, & Townley, 2007; Stcdron, 2009) . These applications are increasingly available to support service providers' knowledge of best practices, caregivers' ability to promote positive parent-child interactions and intensive interventions, and program directors' efforts to identify programmatic approaches that arc working and those that are not. However, little empirical evidence exists to support the use of technology to improve the effectiveness or efficiency of data-based decision making practices.
TO WHAT DEGREE IS COMPUTER-BASED TECHNOLOGY READY FOR USE IN THE FIELD BY EARLY CHILDHOOD PRACTITIONERS?
For the closing keynote address at the 2011 conference of the International Society for Education Technology, Chris Lehmann asserted that education has moved from asking can technology be integrated into education to how to integrate technology into education (2011) . Over the past decade, lower costs and advances in technology hardware and software and improved usability have expanded the reach of advanced applications from the wired olïiccs of computer enthusiasts to the hands of anyone with access to an internet connection or a cellular data plan. The latest Pew Internet Project data show that internet usage among adults in the U.S. has increased from 13% in 1995 to 77% in 2010 (2011) . Home broadband access (e.g., cable or DSL modem), which is required to take full advantage of most advanced webbased applications, has risen from about 3% in 2000 to 66% in 2010 (Pew Internet Project, 2010) . Access to the internet via mobile devices is also sharply increasing: 83% of all adults in the U.S. use a cellphone, and 42% of those use a smariphone (e.g., iPhone, Android, or Blackberry) with internet access, email, and text messaging (Pew Internet Project, 2010) .
Despite this exponential growth in technology access, questions remain about equitable access among minorities and disadvantaged populations. Although this "digital divide" still exists, it is much less pronounced than it was 20 years ago. For example, in just one year from 2009 to 2010, adoption of broadband internet access grew by only 3% among White Americans, while African Americans' access grew 22% (Smith, 2010a) . This is the smallest reported gap between Whites and Blacks in terms of broadband access (67% versus 56%, respectively) since such data have been collected. There is also evidence that the digital divide is becoming more of a "digital variation" in that different cultures access the internet and use technology somewhat differently. For example, of those who use the internet, 51% of llispanics and 46% of African Americans access it with a mobile phone, compared to only 33% of White Americans. Furthermore, minorities are more likely to use their mobile phone for a wider range of purposes than Whites: Over 80% of all African Americans and English-speaking Hispanics use texting, compared to only 68% of Whites (Smith, 2010b) .
The current trend in the technology industry is to develop advanced applications that arc accessible over the web and require no more than an internet connection and modern web browser, diminishing the need for high-end hardware. By 2008, nearly 100% of public schools in the U.S. had internetenabled computers used for instructional purposes, and 87% of schools used web-based applications to access standardized assessment data for instructional planning and individualization (US. Department of Education, 2010). A survey of 1445 early childhood educators (infant/toddler, preschool, and K-3) found that 80% report using the internet every day, 94% report using it to find educational activities to use with their children in the classroom or home, and 94% rate themselves as "successful" or "very successful" in their ability to use the internet (Wartella, Schomburg, Lauricella, Robb, & Flyenn, 2010) . Unknown is the degree to which these practitioners use the internet or web-based applications for instructional planning and data-based decision making.
These technology improvements, increased technology acceptance, and federal policy mandates for the integration of technology into existing curricula (e.g., U.S. Department of Education, 2002) has led to the ubiquitous use of computers in nearly every public school in the U.S. either for instruction, data management, or both. Although thousands of studies have investigated the effectiveness of computerassisted instruction, there has been very little empirical research that investigates the impact of computer-based tools to support progress monitoring and data-based decision making. Therefore, in the next section, we will describe some of these existing tools, and, given the lack of research on these tools for education, we explore the lessons learned from the medical community's 40 years of investigating the use of computer-based decision support systems (CDSSs).
THE USE OF TECHNOLOGY TO SUPPORT DECI-SION MAKING IN EDUCATION AND MEDICINE
Over the past decade, assessment developers have recognized the need for technology that aids teachers' management and interpretation of assessment data, particularly those that arc frequently administered and used in a databased decision making framework. Examples of these wcbbascd applications for progress monitoring and instructional planning include the online data system for the Dynamic Indicators of Basic Early Literacy Skills (DIBELS©) to monitor K-8 literacy progress; the AEPSintcractive© webbased tools to manage and report results for the Assessment, Evaluation, and Programming System (AEPS): the iSTEEP**) online data management system to support K-6 math and literacy progress monitoring and decision making using the STEEP assessment; the AIMSWcbÜ progress monitoring system that supports a range of K-12 behavior and academic outcomes (e.g., math, reading, spelling, early literacy, and writing); and the Infant and Toddler Individual Growth and Development Indicators (IGDIs) online data system to support progress monitoring for children 6-36 months old.
In K-12 education, tools such as AlMSWcb, Wireless Generation's mCLASS©, and DDtrac© allow teachers to enter or import child data into a software or web-bascd system, which provides tools that display and/or describe the data to inform intervention decisions and instructional planning. Wireless Generation (2008), a commercial developer of software that supports classroom assessment with mobile deviees, reports that their mCLASS solutions software is used with more than 2 million K-12 students in 49 states. Teachers can use mCLASSCfD to assess children in reading (DIBELS,TPRl, Reading Records, andTejas LEE), preschool social-emotional development (CIRCLE), and math. Pearson's AlMSweb is a web-based progress-monitoring and decision-making tool that can be used to identify children in need of more intensive instruction in literacy and math, as well as providing individualized Tier 2 and 3 recommendations based on student performance. AIMSweb was recently adopted by the Clark County School District in Nevada to support progress-monitoring and decision making of more than 200,000 elementary and middle school students (AIMSweb, 2011) . DDtrac (Gregg, 2009 ) is a web-based system that supports the planning of goals and objectives for students' individualized education plans (IEPs) and subsequent monitoring of progress toward achieving those goals. As part of the Infant and Toddler IGDI online data system, the web-based Making Online Decisions (MOD; guides infant and toddler service providers through a data-based intervention decision-making process for children performing below normed benchmarks in expressive communication and provides individualized Tier 2 intervention strategies. This system is described in greater detail later.
The apparent benefits of using these computer-based tools include improved instructional decision making, time savings in terms of managing and graphing data, dynamic reports to share with parents and other teachers, the ability to compare performance between groups, and tools to merge data from other systems. These benefits, which are usually illustrated through testimonials on websites and other marketing materials, are expected to lead to the ultimate goal of earlier identification of children in need of more intensive intervention, instruction that is more responsive to each child's unique needs, and improved student outcomes. However, with the exception of a peer-reviewed report of the DDtrac system's usability (Gregg, 2009 ) and a recent randomized trial of the Infant and Toddler IGDI MOD system (Buzhardt et al., 2011) , we are aware of no empirical investigations of these tools that compare their use to traditional decision making without computer support. Although technology costs have come down and educators are more accepting of technology, the field of education and special education would be remiss not to investigate basic questions such as whether these tools actually improve instructional decision making, and, if they do, what components have the most impact and under what conditions. Indeed, the field of medicine has extensively researched the impact of CDSSs on medical professionals' decision making and patient outcomes, and the results are not always favorable toward CDSSs (Classen, 1998; Ahmadian et al., 2011) .
There are several parallels between the data-based decision-making and progress-monitoring processes used in education and those used by medical professionals (Gresham, 2007) . Each time a patient visits a physician, brief assessments or diagnostic exams of general health are performed (e.g., blood pressure, weight, temperature, etc.), as well as documentation of the patient's answers to general health questions. Patients who fall outside of the normed benchmarks on the assessments may receive additional. more invasive assessments and questioning specific to the patients' concerns. Depending on the results of the assessments and how far the results fall outside of expected values, the physician will likely recommend a minimal treatment (e.g., change in diet, more exercise, or a mild medication) and schedule a follow-up visit in the near future to monitor the patient's progress. Based on the patient's progress and the results of future assessments, the physician will either maintain the existing treatment, decrease its intensity or dosage, increase it, or remove it all together. For patients whose condition is not responding to treatment, the frequency of progress monitoring may increase (e.g., in-patient care) in order to quickly assess the effect of treatment changes.
Similar to teachers who use data to make decisions, physicians must also manage large amounts of data, interpret those data, and make complex choices based on those interpretations. Unlike education, however, CDSSs have been available to facilitate data-based medical decision making for nearly 40 years. Informed by physician input and patient inquiry, CDSSs can provide recommendations for diagnostic tests, questions to ask patients, recommended prescriptions, drug dosages, and so on. Garg and his colleagues' (2005) review of more than 100 controlled trials of CDSSs found that physician decision making improved in 64% of the studies that measured decision making. Findings were much less promising regarding the impact of CDSSs on patient outcomes: Only 7 of the 52 trials found improved patient outcomes compared to those without CDSS support. Most interesting and relevant to CDSSs in education is that effectiveness was found to be mediated by CDSS features that directly inffuence practitioners' decision making and the setting in which they are used. For example, CDSSs were more likely to be effective in improving practitioner performance if the CDSS (a) automatically prompted the practitioner regarding next steps rather than requiring the practitioner to manually request next steps, (b) had an intuitive and usable interface that garners high user satisfaction ratings, (c) could be integrated into existing workffow patterns, and (d) had administrator buy-in to support its ongoing use (Garg et al., 2005; Hunt, Haynes, Hanna, & Smith, 1998; Kawamoto & Lobach, 2003) .
Because the use of CDSSs are a relatively new facet of special education, we should heed the message from the medical literature that simply putting a computer-based decision-making tool into the hands of teachers docs not guarantee success. Research is needed to identify the critical features of CDSSs that lead to improved decision making and student outcomes. This is particularly important for ECSE, where access to computer resources is limited and support for frequent standardized assessments, although growing, is less common than in the K-12 community.
These issues are even further compounded for infant and toddler services specifically, where there are few available progress monitoring assessments and even less with computer-based tools to support data-based decision making. However, in the next section, we describe one set of infant and toddler progress monitoring assessments that include computer-based support to manage, interpret, and guide decision making, as well as empirical support for its use.
HOW ARE INFANT AND TODDLER IGDIS USED FOR INTERVENTION DECISION MAKING,AND WHAT IS THE EVIDENCE TO SUPPORT THEIR IISK OF TECHNOLOGY?
Perhaps one of the most powerful instruments that practitioners have to support their intervention eftbrts is an efficient and effeetive way to measure how a child is responding to an intervention. However, infant and toddler service providers (e.g.. Part C, Early Head Start, Parents as Teachers, etc.) often lack the appropriate measures to effectively assess children's strengths and needs during these first years (Neisworth & Bagnato, 2004) . Most existing measures of infant and toddler abilities are notoriously poor predietors of later development (Gibbs & Teti, 1990) , and, although measures arc beginning to emerge, there remain a limited number of psychometrically sound measures that have been demonstrated to be effective for progress monitoring and intervention decision making.
Infant and toddler progress monitoring measures with known psychometric properties and web-based tools to support data management and intervention decision making include the AEPS, the Infant and Toddler Child Observation Record (COR), and Infant and Toddler IGDIs. Both the COR and AEPS are classic examples of "authentic assessments" that do not have age-based normative benchmarks, and, rather than adhering to strict administration guidelines, child data are collected within the child's natural environment during daily activities with familiar adults and peers (Grisham-Brown, Hallam, & Brookshire, 2006) . Each of these measurement systems has sound psychometric properties (Bricker & Pretti-Frontczak, 1997; Greenwood et al., 2008; High/Scope Educational Research Foundation, 2005) and has been demonstrated to be effective in informing intervention decision making and instruetional planning (Bricker, Yovanoff, Capt, & Allen, 2003; Buzhardt et al., 2011; Fantuzzo & Yumiko, 2005; Madigan, n.d.; Notari & Bricker, 1990; Weikart, 2004) . They also have web-based tools that facilitate data interpretation for early identification of children in need of intervention and progress monitoring of child response to intervention. In addition, the online data system for Infant and Toddler IGDIs has empirical evidence to support its use for intervention decision making. Therefore, in the following section, we describe the Infant and Toddler IGDIs, the web-based system to support intervention decision making, the research to support the technology's use, and how this research can be used to infomi future advancements in technology-supported databased decision making.
INDIVIDUAL GROWTH AND DEVELOPMENT INDICATORS FOR INFANTS AND TODDLERS
Individual Growth and Development Indicators are psychometrically sound measures designed for frequent, brief assessments of growth toward general outcomes (Parrish & Phillips, 2003; Snow & Van Hemel, 2008) . Infant and Toddler IGDIs are play-based assessments designed and normed to measure infant and toddler growth from 6 to 40 months across five domains: Communieation (Early Communication Indicator: ECI), Social Engagement (Early Social Indicator: ESI), Problem Solving (Early Problem Solving Indicator: EPSI), Movement (Early Movement Indicator: EMI), and Parent-Child Interaction (Indicator of Parent-Child Interaction: IPCI). Individual studies were conducted for each of the five measures to document their psychometric properties and feasibility, including identification of standard toy sets and longitudinal studies demonstrating their sensitivity to growth over time and short-term early interventions (ECI: EMI: Greenwood, Luze, Cline, Kuntz, & Leitschuh, 2002; ESI: Luze et al., 2001; EPSI: Greenwood, Walker, Carta, & Higgins, 2006; IPCI: Baggett & Carta, 2006) . To support the use of Infant and Toddler IGDIs for ongoing progress monitoring, a website and online data system are available to generate dynamic individual child progress graphs, group reports of child data for program accountability, and an intelligent system to guide serviee providers through a data-based decision-making process for children falling below established benchmarks .
For each IGDI, an observer codes a set of behaviors or "key skill elements" during a 6-minute session in which the child engages with a standard set of toys with an adult play partner. The adult play partner facilitates the child's play by following his or her lead, commenting and labeling about what the ehild is doing, and maintaining the child's interest in the activity without being directive (Buzhiirdt & Walker, 2010) . Key skill elements demonstrated by the child are coded by a certified assessor, either live or by watching a video recording of the session. For example, during an EMI assessment, the assessor codes the following key skill elements according to a detailed set of operational definitions: Catching/Trapping, Transitional Movements, Grounded Locomotion, Vertical Locomotion, and Throwing/Rolling. After coding an assessment on a standard paper scoring form, the assessor enters the key skill element frequency counts for each minute into the IGDI online data system.
Web-Based IGDI Tools to Inform Intervention Decision Making
Practitioners who are trained and certified to administer and code IGDIs receive an account within the secure, password-protected IGDI online data system (www.igdi.ku.edu) to enter and manage their IGDI data. After entering their scores into the data system, they can generate graphs of the child's total performance across all key skill elements or performance on individual key skill elements. Figure 1 shows an example of the Weighted Total Communication graph for the ECI. This graph plots the child's assessments according to the child's age in months (x-axis) and calculated total weighted communication per minute (y-axis). For the ECI, the weighted score per minute is calculated by summing the key skill elements (Gestures, Vocalizations, Single Words, and Multiple Words) and dividing by six or the number of minutes that the assessment lasted. The weighting is achieved by multiplying the total single words by two and total multiple words by three. The online data system performs all of these calculations automatically based on the raw frequency counts entered by the assessor. Graphs can also be generated to show the child's performance on each key skill element relative to established norms for each.
Use of any data-based decision-making model requires resources to manage and analyze data as well as training in how to interpret and act on data-training that infant and toddler service providers often lack (Hojnoski et al., 2009; Sandall et al., 2004) . The graphing and data management capabilities of the IGDI online data system, as well as those of the AEPS and OnlineCOR, are designed specifically to reduce the demand on practitioners' time to manage and analyze assessment data. The graphs, along with other features of the IGDI data system, were tested and revised based on feedback from usability testing trials with early childhood professionals to optimize the system's utility for practitioners with limited experience or training in interpreting data (Buzhardt et al., 2007) .
In addition to providing resources to interpret individual child data, the system provides administrator functions to monitor programwide outcomes. FIGURE 2. Graphs of children's aggregated performance on the Early Communication Indicator within a program (available through the IGDI online data system) against expeeted norms. Other administrator resourees inelude ehild démographie reports, assessor eertifieation results, and alerts that identify ehildren whose reeent performance indicates a potential eoneern and a direct link to the child's data. As of this writing, more than 35,000 infant and toddler assessments have been entered into the online IGDI data system, nearly 12,000 infants and toddlers have been assessed, and there are approximately 1,500 registered users (e.g., eertified assessors, program coordinators, data entry staff, etc.) across 20 states and three countries. The website receives an average of 1,500 unique visitors eaeh month. For programs that seek additional guidance in using ECl data for language intervention decision making, an "intelligent advisor" is available called the Making Online Deeisions (MOD) system Buzhardt et al., 2011) . Similar to CDSSs used in medieine, the MOD is designed to guide practitioners through a data-based decision-making model similar to the IGDI problem-solving model and founded on Tilly's (2008) problem-solving model. Integrated into the IGDI online data system, the MOD is an optional feature that can be engaged for an entire program or for specific service providers within a program. Figure 3 provides an overview of the MOD decision-making process, which is guided by five key questions:
1. Is there a problem? For children whose ECI score is at least -1.0 SD below their age-based norm, the MOD automatically generates the child's growth chart and asks the service provider to validate the child's low performance (i.e., confirm that it was a valid administration of the assessment (Crowe, 2002 ; also see www.ku.igdi.edu/intemventions/ECI_interventions.htm).
4. Is the intervention being done? Using fidelity of implementation checklists generated by the MOD, service providers document their work with caregivers in teaching them the strategies and enter it into the MOD. They also document the caregivers' reported frequency of use of the strategies. 5. Is the intervention working? After three ECIs following intervention, the MOD analyzes child total communication before and after intervention; and, given a lack of improvement, the intervention is revised, and the cycle repeated.
After analyzing the ECI data, the MOD immediately generates a recommendation for the service provider. F' or example, for a child who is performing within age-based expectations after intervention, the MOD would generate the following recommendation (taken verbatim from the MOD):
As you can see by Beth Majures graph, it appears tliat she is within benchmark and. based on the slope, will likely remain above benchmark. This is great news! We recommend that the family continue with the strategies they've been using, but for now, you can stop entering the fidelity checklist data, and you can return to conducting quarterly ECI observations with Beth.
As Beth's language continues to improve, we will continue to recommend new strategies that will help maintain this progress. We recommend that you prim these strategies and give them to the family or use them along with your regular home visiting program, but you will not need to record how much they are using the strategies. If Beth's ECI scores begin to fall below benchtnark again, we will recommend returning to monthly monitoring and doing the follow-up checklists again. 
Evidence to Support the Use of Technology with Infant and Toddler IGDIs
A randomized control trial of the MOD with Early Head Start (EHS) home visitors was recently reported (Buzhardt et al., 2011) . Home visitors from five Kansas EHS programs were randomly assigned within programs to either use the web-based MOD system or continue without MOD support. Twenty-six home visitors used the MOD, and 22 were non-MOD. Sixty-three of the MOD home visitors' children received MOD services because they fell at least 1 SD below benchmark, while 61 ehildren from the non-MOD home visitors' caseloads fell below benchmark. In summary, those children whose home visitors used the MOD demonstrated significantly stronger growth on the ECI than childreti who received non-MOD services. Cohen's d indicated mediutn effect sizes. Also, home visitors reported high satisfaction ratings for each component of the MOD.
Although this study suggests that the MOD's web-based support and individualized intervention recommendations can have an impact on child outcomes, additional research is 
WHAT CHALLENGES HAVE BEEN IDENTIFIED IN THE USE OF TECHNOLOGY TO SUPPORT PROGRESS MONITORING AND DECISION MAKING IN K-12 EDUCATION AND MEDICINE?
The tools to support progress monitoring and data-based decision making for infants and toddlers are beginning to proliferate, but they have yet to gain large-scale use relative to the measures and tools available for K-12 education (Linas, Carta, & Greenwood, 2009; Greenwood et al., 2008) . We also know that incorporating a new technology into existing education practices can introduce challenges of its own, such as the need for additional professional development and technical support, as well as a lack of buy-in from practitioners if there is not a clear link between the technology and child or student outcomes (Buzhardt & HeitzmanPowell, 2005a; Dell, Newton, & Petroff, 2011) . If one goal of using technology to support progress monitoring and databased decision making is to minimize the hurdles associated with these practices, then it is necessary that the challenges introduced by the technology itself do not outweigh the potential benefits. The success of individual CDSS applications will ultimately vary depending on the degree to which challenges are minimized and benefits are maximized.
Despite widespread adoption of technology that supports data-based decision making in K-12 education (e.g., DIBELS, AlMSWcb, etc.), little is known about how these supports affect educators' instructional planning and child outcomes. However, as described earlier, the field of medicine has identified several issues that arc relevant to the use of computers to support progress monitoring and intervention decision making in education. Additionally, through our team's experience in supporting the use of the IGDI online data system over the past 6 years, usability testing, and a randomized trial, we have identified challenges and issues to consider that are similar to those in the field of medicine as well as some that may be unique to early childhood. These issues can be classified into two general areas: (1) seamless integration into existing practices and service delivery models and (2) ensuring usability in a variety of settings.
Seamless Integration into Existing Practices
Integrating new practices into existing service delivery and educational settings, with or without the use of technology, requires consideration of current practice, practitioners' experience and training, and administrative supports and incentives, among other issues (Carninc, 1997; Dell, Newton, & Petroff; Elmore, 1996; Greenwood & Abbott, 2001 ; King-Sears, 2001 ). In the medical profession, the ability to integrate CDSSs into existing patient care and health service delivery models is a significant factor in the adoption and ultimate effectiveness of CDSSs (Ahmadian et al., 2011; Garg et al., 2005; Moxey et al., 2010) . Factors that contribute to successful integration vary considerably depending on the goals of individual CDSS applications (e.g., improve diagnostic accuracy, prescription or dosage recommendations, patient compliance with physician recommendations, etc.) and individual clinical settings. However, in a recent survey of CDSS developers, 92% of respondents reported that the most common barrier to CDSS implementation was related to data management: Higher data management demands decreased the likelihood of sustained adoption (Ahmadian ct al., 2011). Other studies have investigated the impact of increased data-entry demands and found that as data-entry and management demands increase, physician acceptance decreases (Margolis ct al., 1992; Nilascna & Lincoln, 1995) . Based on their review of the CDSS literature and implementation barriers, Ahmadian and her colleagues (2011) asserted that "physicians are not willing and do not have time to interact with a system that requires them to do more work" (p. 88). This statement rcllects the constant struggle to balance best practice with growing caseloads and increased accountability-a reality that is certainly familiar in early childhood education. Therefore, it is important that data management activities arc consolidated whenever possible (e.g., using progress monitoring data to inform intervention and to support accountability reporting requirements).
Early childhood programs have been pressed to consider their assessment practices in light of current mandates for state-and federally-funded early childhood programs to collect and report data on their overall impact on child outcomes Hebbeler, Barton, & Mallik, 2008; Horton & Bowman, 2002) . For example, the Office of Special Education Programs (OSEP) requires that Part C (infant and toddler) programs provide annual reports of the percentage of children who demonstrate improvements in the following outcome areas (National Early Childhood Technical Assistance Center, 2008):
1. Positive social emotional skills 2. Acquisition and use of knowledge and skills 3. Use of appropriate behaviors to meet their needs Unfortunately, a limited number of assessments arc designed specifically to measure and report program effectiveness (Hebbcler et al., 2008) . Also, administering one set of assessments to measure program effectiveness and another set for progress monitoring and intervention decision making potentially leads to an excessive amount of assessment.
Like CDSSs that integrate with existing health information systems (Ahmadian et al., 2011) , CDSSs that support infant/toddler services should be able to draw from programs' existing accountability data systems to infonn intervention decisions, or at least they should provide tools that allow administrators to convert or export data entered into the CDSS into systems used for accountability reporting. This minimizes the amount of time spent on data entry and management, thereby increasing time available for service delivery. Although the measures and tools used to meet the OSEP reporting demands vary by program and will likely continue to evolve in the coming years, in order to increase the likelihood of wide-scale adoption, CDSSs should be designed in such a way that recognizes these existing data demands. For example, both the Infant and Toddler IGDI online data system and the OnlineCOR provide online administrator tools that generate dynamic reports of children's progress toward proficiency in at least one of the three OSEP outcome areas. However, it is currently unknown how many programs use these tools to support their accountability reporting efforts.
Although we can learn from medical research on CDSSs, more research is needed to identify factors that facilitate the integration of CDSSs into existing early childhood practices. One such factor, usability, has been found to play a major role in the successful adoption and integration of technology-supported practices. In the next section, we explore the potential impact of a CDSS's usability on its ability to affect practice.
Ensuring Usability in a Variety of Contexts
A key recommendation of Caminc's (1997) proposal for increasing the demand for evidence-based education practices is for researchers to develop practices that arc not only effective under tightly controlled conditions but also usable within natural education settings. The degree to which a CDSS can be integrated into service providers' current practices with children and families is dependent on the system's usability by users with a range of technology experience and its accessibility on a variety of common computer platforms. Ongoing federal initiatives encourage and support research into the effectiveness of cvidcncc-bascd practices under natural conditions. For example, the Goal Four competition for the Institute of Educational Sciences' Special Education Research Grants funds research that explores interventions "implemented under conditions that would bo typical if a school district or other education delivery setting were to implement them" (Institute of Education Sciences, 2011, p. 56). Technology developed under OSEP's Stcppingstoncs of Technology Innovation for Children with Disabilities "must include a formative evaluation of the technology-based approach's usability and feasibility for use with children with disabilities" (OSEP, 2011, p. A-7). However, with few exceptions, formal usability testing of educational technology that goes beyond self-reported user satisfaction is rarely reported.
Usability testing that includes direct observations of users engaging with the technology, preferably under natural conditions, is the most effective for identifying ways to design more intuitive user interfaces and streamline procedures for completing tasks with the technology (Barnum, 2002; Nielsen, 1993) . Direct observation is preferable to self-report and satisfaction surveys because it diminishes the potential for bias due to social desirability factors (e.g., participants wanting to please the researcher or developer). For example, in a study of the usability of the ClassWidc Peer Tutoring Learning Management System, Buzhardt, Abbott, Greenwood, and Tapia (2005) found that although 80% of teachers rated the system as "easy" or "very easy" to use, 40% needed help or reported a problem completing at least one common activity with the system. Despite few published reports of direct observation usability testing of education or special education technology, several examples in commercial industries reveal significant reductions in training and time to complete tasks (Gibbs, 1997) , increased adoption of practices (Usability Professionals' Association, 2011 ), and reduced error rates (Barnum, 2002) as a result of system improvements informed by this type of usability testing.
The usability of CDSSs in the medical profession can have life-or-death implications. In a direct observation usability study of a CDSS for emergency physicians. Graham and his colleagues (2008) found that Haws in the user interface resulted in five incorrect physician decisions (out of 422), three of which had life-threatening consequences. These errors have been called technology induced errors (Kushniruk, APRIL 2012 Trióla, Stein, Borycki, & Kannry, 2004 . Although these decision errors in early childhood education may not have the immediate consequences experienced by emergency physicians, failure to correctly identify a child in need of early intervention or inappropriate intervention recommendations could have long-term impacts on that child's school readiness and future success in school (Administration on Children Youth and Families, and Head Start Bureau, 2002; Love, 2005; Raikes ct al., 2006; Shonkoff & Phillips, 2000; Snow & Van Hemel, 2008) . Considering the findings from the medical CDSS literature and the limited resources and technology training often available to early childhood programs, optimizing the usability of individual CDSSs for use in early childcare settings should be a key goal of CDSS research and development efforts.
For the Infant and Toddler IGDI online data system, direct observation usability testing was conducted onsite at 14 Early Head Start programs throughout Kansas and Missouri with local service providers. During testing, an assessor asked participants to complete 30 common tasks using the system, such as generating a progress-monitoring graph, interpreting a child's data, and entering assessment data (Buzhardt et al., 2007 ). An observer recorded the time it took for each participant to complete each task and documented all tasks in which the participant requested help. Data entry was identified as the most time-consuming task (2.5 minutes per assessment) and most prone to error. This is consistent with the findings of the medical CDSS literature identifying increased data-management and entry demands as significant barriers to implementation (Ahmadian ct al., 2011) . Thus, informed by usability testing, data-entry interfaces were modified to reduce the number of "clicks" required to enter data and to automatically check for and warn users of potential data entry errors (e.g., incorrect assessment date or a score that would be an extreme outlier).
Because progress-monitoring graphs must be easy to interpret for intervention decision makers with little or no training (Codding, Skowron, & Pace, 2005; Hojnoski et al., 2009) , service providers were also asked to generate and answer questions about the progress-monitoring graphs produced by the data system. Although 80% or more of the service providers correctly answered questions about the graphs (e.g.. What is this child's slope or average rate of growth after the latest intervention change? How does this child's latest assessment compare to the norm for his or her age?), they provided suggestions for improving readability. For example, the areas indicating 1 and 1.5 standard deviations below the norm performance were highlighted in grey and dark grey (see Figure 1) to easily identify children who may be in need of more intensive intervention.
The field of education and special education has long focused on the efficacy of interventions and their impact on child outcomes under controlled conditions and with significant training, support, and oversight by developers and researchers. The field has been less adept at preparing interventions for implementation beyond the reach of researchers (Elmore, 1996; Fuchs & Fuchs, 1998) . As early childhood special education continues to increase the use of technology, an ongoing challenge is designing applications that can be used with little or no training while providing maximum functionality (Rubin & Chisnell, 2008) . For tools such as CDSSs in which technology is a key component, usability testing with the target population under natural conditions is vital to successful integration, scale-up, and, ultimately, its impact on child outcomes.
HOW CAN MOBILE DEVICES SUPPORT PROGRESS MONITORING AND INTERVENTION DECISION MAKING?
By definition, the Internet is a network of computers and other devices that share data, which makes it an obvious fit to support data-based practices. As Internet use increases and the variety of devices with which we access it continues to expand, how we use it to support these practices will continue to evolve. Perhaps the leading technology trend with the most significant implications for early childhood progress monitoring and decision making is the exponential proliferation of low-cost internet-enabled mobile devices (e.g., smartphones, tablets, nctbooks, etc.) Given current trends, industry analysts estimate that by 2014 more people will access the internet with a mobile device than a desktop computer (Ingram, 2010) .
The ability to access web-based CDSS tools with devices that can go "on the road" is particularly relevant for infant and toddler services that are often provided in homes or other natural settings beyond a centralized classroom or center. Part C of IDEA stipulates that early intervention services be provided within the child's "natural environment." Although the natural environment can be broadly interpreted, early intervention services in many early childhood service delivery models (e.g.. Early Head Start. Part C) involve some form of home visitation, with approximately 500,000 families receiving some form of home-based services in the U.S. (Astuto & Allen, 2009 ). However, home visiting models present unique challenges to implementing best practices in progress monitoring and data-based decision making. Unlike school settings, in which teachers and interventionists often have access to computers and internet resources for immediate data entry and analysis, home visitors must conduct their assessments during relatively brief visits (1-2 hours a week) under a variety of conditions. Coding and interpretation of progress-monitoring data then occurs at the service provider's office, using a desktop computer at some point removed from the home visit. If the assessment is coded in a timely manner, the results can be shared with the caregiver at the next home visit-often at least a week or more after the assessment was administered, depending on the program's home visiting schedule. This results in a natural delay in the onset of intervention delivery or modifieation of interventions that are not working.
Compounding the need for service providers to receive information at the point of care (e.g., in families' homes during home visits or centers with limited computer resources) is the primary caregiver's critical role in intervention planning and delivery for infants and toddlers (Dunst, Bruder, Trivette, Hamby, 2006; Odom & Wolery, 2003; Weiss, Caspe, & Lopez, 2006) . In this context, intervention often involves adjusting the child's natural environment to promote positive behavior change. Because the primary caregiver (e.g., parent or relative) plays a key role in the child's natural environment, he or she also becomes a primary facilitator of the intervention. Immediately sharing data with parents using a mobile device and involving them directly in the intervention planning process may increase their sense of ownership in intervention decisions and the likelihood that they will implement the recommendations. The use of mobile devices to support early interventionists' timely use of progress-monitoring data for intervention decision making at the point of care can potentially lead to earlier intervention implementation and stronger collaboration with families in these contexts.
A number of K-12 progress-monitoring measures have software to support their use with mobile devices (e.g., Wireless Generation's mCLASS series of tools and AIMSweb Palm Link). Although the field needs empirical support for the use of mobile devices in progress monitoring and decision making, anecdotal evidence suggests that teachers who use mobile devices prefer them over pen and paper and recognize their potential benefits. For example, teachers have reported that using mobile devices for DIBELS.data collection decreases scoring errors, reduces administration tasks, and provides easier access to progressmonitoring results and more clear connection between assessments and instructional decision making (Hupert & Heinze, 2006) . In a usability study of teachers' use of DDtrac (Gregg, 2009) , teachers reported that "the largest problem ... was a perceived need to collect data on paper and then transfer the data to DDtrac" (p. 462). The developers have since developed DDtrac Mobile to support data collection on web-enabled smartphones. Our own usability testing of the IGDI data system showed that, on average, entering a single assessment into the data system took about 2.5 times longer (about 4 minutes) than the second-longest task (entering a new child into the data system) and 5-10 times longer than most other tasks (Buzhardt et al., 2007) . In the case of a child who is receiving monthly progress-monitoring assessments (i.e., is at least 1 SD below age-based norms) over the course of 2 years, this adds up to over 1.5 hours of data entry fora single child. An IGDI mobile "app" that allows assessors to score and submit results in real time with a smartphone rather than scoring assessments on paper and entering them into the data system later would eliminate this step. Additionally, MOD recommendations could be immediately generated by the app for immediate review and discussion with caregivers during the home visit. Figure 4 shows what the MOD's data-based decision-making process might look like if utilized by a mobile app on an Androidbased smartphone.
Despite the promising advantages to using mobile devices for progress monitoring and decision making, there are potential drawbacks to be considered as well. Perhaps the most significant consideration of mobile progress monitoring is ensuring the security of child assessment data. Although data security is a concern regardless of the device used (mobile or desktop), mobile devices, because of their small size and mobility, are more susceptible to being lost or stolen. Also, the use of mobile devices in the field requires transmission of data over cellular networks or potentially unknown wireless networks. Without statT training on appropriate use of mobile devices and software protection installed on the devices, child and lamily records may be vulnerable. Another consideration is the potential for home visitors to be diverted from engagement with the family and child because of their use of the mobile deviee during home visits. Like many modern mobile apps, CDSS apps designed for use during home visits could use the phone's built-in GPS system to limit the phone's functionality (e.g., native functionality such as text messaging and web browsing, as well as the CDSSs functionality) when it is beyond predefined boundaries such as the serviee agency's office or the user's home.
CONCLUSIONS
In this era of increased accountability, budgets cuts, and demands for evidence-based practices, there is a growing need for tools that allow early childhood practitioners to use progress-monitoring data more effeetively and efficiently. On the surface, using computer-based technology to support progress monitoring and data-based intervention decision making seems to be such a natural fit that it precludes the need for research to confinn its value. And, in some ways, it is. There are obvious cost savings and reductions in administrative and data-management etîorts to be realized when child assessment data are centrally located, managed, and automatically analyzed and graphed. However, as nearly a century of research in educational technology has demonstrated.
Home visitor can engage iVIOD immediately after graph is dispiayed.
Chiid's progress-monitoring graph is immediately displayed after IGDI is coded.
Home visitor can review intervention recommendations with caregiver immediately
Immediate reminders of next steps are provided in order to plan with caregivers. FIGURE 4. Mock-up illustrations of how mobile devices could be used to facilitate data-based decision making during home visits the effectiveness of a computer-based program is dependent on how it is designed and implemented, not the technology or medium of delivery (Clark, 1994; Kulik, Kulik, & Schwalb, 1986) . In other words, developing an application that uses the latest cutting-edge technology does not guarantee success without careful consideration of the context in which it is used and the purpose for which it is intended. Several web-based CDSSs are available for use by K-12 educators to monitor progress and inform instructional planning within a data-based decision-making model. Fewer are available for early childhood. We know from the medical literature that the most effective CDSSs are those that automatically prompt practitioners through the decision-making process, that are easy to integrate into existing practice, that can interface with existing healthcare data systems, and that are usable within a variety of contexts for users with a range of technology experience. Although we can learn from the medical literature, the promise of CDSSs to make data-based decision making more efficient, accelerate the onset of early intervention, and improve outcomes for young children with or at risk of disabilities will not be realized without rigorous research of these tools with early childhood practitioners and the children and families they serve.
